Introduction {#sec1}
============

The accumulation of driver somatic genetic alterations gradually drives the evolution progression from normal to tumor cells.[@bib1] Somatic copy-number alterations (SCNAs), one important type of somatic genetic alterations, have been reported to activate oncogenes and inactivate tumor suppressors, which further made contributions to cancer progression.[@bib2] The prevalent focal and arm-level SCNAs affected large cancer genome regions that not only included protein-coding genes (PGs) but also non-coding regions.[@bib3]^,^[@bib4] How to elucidate the functional roles of SCNAs in cancers and how these SCNAs disorder cellular homeostasis and further promote cancer progression are still unclear.

Many studies have been devoted to explore the functional effects of SCNAs in cancers. It is well known that gene amplifications could increase expression levels of genes in amplified regions, and gene deletions could decrease expression levels of genes in deleted regions.[@bib5] SCNAs also influenced expression levels of genes outside the amplified/deleted regions. Some studies investigated the effect of SCNAs on the transcriptional changes by integrating DNA copy number/mutation profiles and gene expression profiles.[@bib6]^,^[@bib7] Network modeling of global gene expression identified a glioblastoma-associated CNA-driven network in which CNA hubs could explain expression variability of multiple downstream genes.[@bib8] The abnormal activities of biological pathways were also caused by driver CNAs through disturbing expression of genes in the pathways.[@bib9] Sharma et al.[@bib10] showed that the co-amplifications and co-deletions of cancer-causing genes and metabolic genes contributed to reprogram cancer cell metabolism. SCNAs propagated abnormal information along topological structures of biological pathways and contributed to dysfunctional pathways in cancer individuals.[@bib11] The driver genetic alterations could induce the dysregulation of multilayer factor-mediated regulatory networks of gene expression and further cause disorder of cancer-associated functions.[@bib12] These studies explored the functional roles of driver SCNAs in cancer progression with an indirect way. However, it was limited in understanding direct contributions of SCNAs to tumor progression.

MicroRNAs (miRNAs) are important negative regulators of gene expression. Artificial miRNA sponges can competitively bind and inhibit miRNAs to derepress miRNA targets.[@bib13] Recently, the hypothesis of competing endogenous RNAs (ceRNAs) uncovered a new layer of RNA interaction mechanisms.[@bib14] ceRNAs can crosstalk with each other through competitively binding to common miRNA response elements. Due to the multiplicity of targets and cooperativity of miRNAs, the ceRNA crosstalking across the transcriptome could form large-scale miRNA-mediated ceRNA networks.[@bib15] Endogenous RNA molecules with miRNA target sites have the potential to act as natural miRNA sponges, such as mRNAs, long noncoding RNAs (lncRNAs), pseudogenes, and circular RNAs (circRNAs). The balance of miRNA binding status among ceRNA partners was important for maintaining normal biological functions of cells. Abnormal expression of ceRNAs can break the balance, lead the dysregulated ceRNA networks, and further disorder cell biological functions.[@bib16] Pseudogene *PTENP1* was targeted by *PTEN*-targeting miRNAs, and overexpression of the *PTENP1* 3′ UTR elevated *PTEN* expression based on miRNA-mediated regulation and performed a tumor suppressive function.[@bib17] lncRNA *LINCMD1* competitively sponged miR-133 and miR-135 to regulate expression of *MAML1* and *MEF2C*, which could activate muscle-specific gene expression to govern the time of muscle differentiation.[@bib18] Exogenous perturbation in expression proved the regulatory role of ceRNAs on expression of their partners. Few studies have focused on the effect of endogenous copy-number alterations on ceRNA networks. DNA copy-number gains induced the high expression of *SNHG6*, which regulated *EZH2* expression by sponging miR-26a/b and miR-214 to promote CRC cell growth and metastasis.[@bib19] Copy number loss of both *CNOT6LA* and *VAPA* may downregulate *PTEN* in a miRNA-dependent manner.[@bib16] Amplification-caused high *EGFR* expression downregulated miR-133b to release the control of miR-133b on *MET*.[@bib20] *vIRF1* deletion increased miR-218-5p expression level and reduced the level of *lnc-OIP5-AS1*.[@bib21] Xu et al.[@bib22] showed that copy number variations can induce the dysregulation of ceRNA-ceRNA interactions. A ceRNA method was proposed to investigate the global transcriptional effect of genomic deletions.[@bib23] These studies gave us an inspiration that the view of ceRNA networks associated with SCNAs could provide a more direct manner to explore the functional mechanisms of SCNAs. However, the effect of endogenous expression perturbations of ceRNAs caused by SCNAs on ceRNA networks was less explored.

In this study, we provide an integrative strategy to identify the driver SCNAs and characterize the functional roles of SCNAs in cancers based on the dysregulation of ceRNA networks. The integrative strategy includes three steps. First, we integrated the SCNA profiles and expression profiles of protein genes and lncRNAs to identify the candidate driver genes whose SCNAs could concordantly affect their own expression levels. Next, for each candidate driver gene, we constructed a static candidate gene-associated ceRNA network that contained the candidate gene, candidate gene-targeting miRNAs, and the ceRNA partners of the candidate gene. Third, we constructed dynamically activated ceRNA networks under each SCNA status of candidate gene by integrating expression profiles of protein genes, miRNAs, and lncRNAs and the static candidate gene-associated ceRNA network. Then, the dysregulated ceRNA network driven by the SCNA of a candidate driver gene was identified by comparing dynamically activated ceRNA networks ([Figure 1](#fig1){ref-type="fig"}). We applied our strategy to lower-grade glioma (LGG). Compared with the normal copy number status, SCNAs almost destroyed the ceRNA networks. Additionally, the major dysregulated pattern was the pattern that all correlation relationships among ceRNAs and miRNAs were lost. Homozygous deletion of six genes in 9p21.3 could characterize a LGG subtype with poor prognosis and contribute to the dysfunction of cancer-associated pathways in a complementary way. We also applied our strategy to 11 other cancer types and dissected the SCNA-induced dysregulated ceRNA networks in common and specific manners across these cancer types.Figure 1The Workflow of the Integrative Strategy for Identifying SCNA-Induced Dysregulated ceRNA Networks

Results {#sec2}
=======

lncRNA SCNAs Were Prevailing across 12 Types of Cancer {#sec2.1}
------------------------------------------------------

We used GISTIC to identify SCNAs (such as homozygous deletion and high-level amplification) of PGs and lncRNAs across 12 cancer types ([Figure S1](#mmc1){ref-type="supplementary-material"}). Through calculating SCNA frequency of PGs and lncRNAs, we found that the SCNA frequency distributions of lncRNAs were comparable to those of PGs ([Figure S2](#mmc1){ref-type="supplementary-material"}A). By combining copy number profiles and gene expression profiles, we identified candidate genes (including PGs and lncRNAs) whose SCNAs concordantly and significantly influenced their expression levels. lncRNAs occupied nearly half of the candidate genes, and especially the fractions were up to approximately 60% in ovarian serous cystadenocarcinoma (OV) and glioblastoma multiforme (GBM) ([Figure S2](#mmc1){ref-type="supplementary-material"}B). Recently, lncRNAs have been reported to act as a class of ceRNAs to regulate expression levels of PGs by sponging miRNAs. Exploring the destructive power of SCNAs of lncRNAs/PGs on the ceRNA networks was helpful to dissect the functions and contributions of lncRNAs/PGs to cancer development. We developed an integrative strategy to identify the lncRNAs/PGs whose SCNAs were able to cause the disorder of their associated ceRNA networks ([Figure 1](#fig1){ref-type="fig"}).

The Driver SCNAs in LGG {#sec2.2}
-----------------------

We applied the integrative strategy to 433 LGG samples that were detected in all of the expression profiles of lncRNAs, PGs, and miRNAs and copy-number profiles, and identified 55 candidate genes (including 8 lncRNAs and 47 PGs) ([Figure S3](#mmc1){ref-type="supplementary-material"}). For each candidate gene, we constructed dynamic ceRNA networks by integrating the expression profiles of lncRNAs, PGs, and miRNAs and a candidate gene-associated static ceRNA network under different copy number status. By comparing dynamic ceRNA networks under different copy number status, 44 driver genes (including 7 lncRNAs and 37 PGs) were identified, whose SCNAs drove differential expression and further caused the unbalance of ceRNA networks. We found that driver gene-associated ceRNA networks worked normally under the non-alteration condition, while these ceRNA networks were extremely destructed by SCNAs of driver genes ([Figure 2](#fig2){ref-type="fig"}). For example, *MTAP* was targeted by 45 miRNAs, which also targeted another 11,848 genes (including 1,783 lncRNAs and 10,065 PGs). An *MTAP*-associated static ceRNA network consisted of 86,456 ceRNA triples. Under the condition of *MTAP* non-alteration, 10,149 ceRNA triples were significantly activated while only 206 active ceRNA triples were significantly identified under the condition of *MTAP* deletion. These results suggested that SCNAs could cause the deregulation of ceRNA networks through increasing or decreasing expression levels of targeting genes.Figure 2The Number of Active ceRNA Triples in Dynamic ceRNA Networks under Different Copy Number Status for 44 Driver Genes in LGG

Among 44 driver genes, 8 genes (including *MTAP*, *CDKN2A*, *CNTNAP2*, *CDKN2B*, *RECQL4*, *PSCA*, *CDKN2B-AS1*, and *LINC-PINT*) were recorded in at least one of the four known cancer gene databases (Cancer Gene Census in COSMIC,[@bib24] TSGene,[@bib25] Bushman \[<http://www.bushmanlab.org/links/genelists>\], and Lnc2cancer[@bib26]). Through literature searches, we also found that many of the rest driver genes were reported to play important cancer-associated functions *in vivo* or *in vitro* ([Table S2](#mmc2){ref-type="supplementary-material"}). The knocking down of *COMMD9* was reported to inhibit cell proliferation and migration, and it arrested the cell cycle at the G~1~/S transition.[@bib27]^,^[@bib28] The depletion of *CPSF1* suppressed cell viability and promoted cell apoptosis by inducing cell cycle arrest at the G~0~/G~1~ phase.[@bib29] *HSF1* promoted HCC cell migration and invasion *in vitro* and *in vivo*.[@bib30]^,^[@bib31] *HSF1* knockdown reduced cell migration and invasive ability, which were restored by *HSF1* overexpression.[@bib31] These findings proved the driver roles of genes with SCNAs.

Dysregulated Patterns of ceRNA Triples Driven by SCNAs in LGG {#sec2.3}
-------------------------------------------------------------

ceRNA triples were elementary units of ceRNA networks. The destructed ceRNA networks driven by SCNAs were composed of dysregulated ceRNA triples, each of which contained a driver gene, a driver gene-targeting miRNA, and a ceRNA of the driver gene. According to the dysregulated status of ceRNA triples, we classified dysregulated ceRNA triples into eight classes ([Figure 3](#fig3){ref-type="fig"}A). Class I included triples that were not disturbed; class II included triples that lose inverse correlations between miRNAs and the driver gene; class III included triples that lose inverse correlations between miRNAs and ceRNAs; class IV included triples that lose positive correlations between the driver gene and ceRNAs; class V included triples that lose inverse correlations between miRNAs and both the driver gene and ceRNAs; class VI included triples that lose inverse correlations between miRNAs and the driver gene and positive correlations between the driver gene and ceRNAs; class VII included triples that lose inverse correlations between miRNAs and ceRNAs and positive correlations between the driver gene and ceRNAs; and class VIII included triples that lose all correlation relationships among the driver gene, miRNAs, and ceRNAs.Figure 3The Dysregulated Patterns of ceRNA Triples(A) Eight types of dysregulated patterns in the dysregulated ceRNA networks. (B) The proportions of eight dysregulated patterns of ceRNA triples in 44 dysregulated ceRNA networks induced by SCNAs of 44 driver genes. (C) The hallmark signatures significantly enriched by the dysregulated ceRNA networks.

For each driver gene, the percentages of eight classes of dysregulated ceRNA triples in the dysregulated ceRNA network were calculated by comparing the active ceRNA networks under the SCNA and non-alteration conditions ([Figure 3](#fig3){ref-type="fig"}B). We found that class VIII dominated dysregulated ceRNA networks, with the average percentage of 67.3%. Especially, GRINA amplification completely destroyed the active ceRNA network constructed in the non-alteration condition of *GRINA*, and class VIII contributed to 99.3% of dysregulated triples. Classes V and VII also occupied major proportions of dysregulated ceRNA networks for some driver genes, such as *TNPO3*, *KLHDC10*, *MKLN1*, *RECQL4*, and *ZNF696*. The average percentage of class I was only 0.33% across 44 driver genes. To investigate whether dysregulated ceRNA networks were associated with cancer hallmarks, we downloaded 50 hallmark signatures from MSigDB[@bib32] and identified the significantly enriched hallmark signatures by the deregulated ceRNA networks using R package clusterProfiler at a false discovery rate (FDR) of 0.05.[@bib33] We found that 37 of 44 deregulated ceRNA networks were significantly enriched in at least one hallmark signature ([Figure 3](#fig3){ref-type="fig"}C). For example, the dysregulated ceRNA networks caused by lncRNA *ZNF252P-AS1* amplification were significantly enriched in a DNA damage signature (DNA_REPAIR), proliferation signatures (E2F_TARGETS, G2M_CHECKPOINT, MITOTIC_SPINDLE, MYC_TARGETS_V1, and MYC_TARGETS_V2), and a pathway signature (UNFOLDED_PROTEIN_RESPONSE). The most frequently enriched hallmark signatures across 37 dysregulated ceRNA networks were proliferation signatures, including E2F_TARGETS (30/37), G2M_CHECKPOINT (29/37), and MYC_TARGETS_V1 (25/37). These results suggested that driver SCNAs could disorder cancer hallmark signatures by extremely destroying their involved ceRNA networks.

The Homozygous Deletion of 9p21.3 Characterized an LGG Subtype with Poor Prognosis {#sec2.4}
----------------------------------------------------------------------------------

To test whether SCNAs of driver lncRNAs/PGs destroying their ceRNA networks were associated with LGG prognosis, we used Kaplan-Meier analysis and a log-rank test to perform survival analysis of LGG patients based on the SCNA profiles of 44 driver genes. For each driver gene, we divided the LGG patients into three subgroups based on SCNA status of the driver gene as follows: one subgroup of patients with heterozygous deletion (−2) of the driver gene, one subgroup of patients with high-level amplification (2) of the driver gene, and one subgroup of patients with non-alteration (0) of the driver gene. The survival times among the subgroups were compared. The results showed that homozygous deletion of six genes was associated with poor prognosis of LGG, including *CDKN2B-AS1* (p = 8.71e−08, log-rank test), *CDKN2B* (p = 1.84e−08, log-rank test), *CDKN2A* (p = 1.84e−08, log-rank test), *MTAP* (p = 3.35e−09, log-rank test), *KLHL9* (p = 0.000494, log-rank test), and *ELAVL2* (p = 0.00316, log-rank test) ([Figure 4](#fig4){ref-type="fig"}A; [Figure S4](#mmc1){ref-type="supplementary-material"}). The expression levels of the six genes were significantly decreased by homozygous deletion ([Figure 4](#fig4){ref-type="fig"}B). We investigated the SCNA distributions of these six genes across LGG samples and found that homozygous deletion of the six genes showed co-occurrence patterns and obvious mutual exclusive patterns with alterations of the rest driver genes ([Figure 4](#fig4){ref-type="fig"}C). We also found that the genome locations of these six genes were in 9p21.3. To further analyze the association of 9p21.3 deletions with LGG poor prognosis in spite of alterations in the rest of the driver genes, we classified the LGG patients into three subgroups based on the SCNA status of the 44 driver genes as follows: subgroup I, including patients without any SCNAs of the 44 driver genes; subgroup II, including patients with homozygous deletions of at least one of the six genes in 9p21.3; and subgroup III, including patients without homozygous deletions of the six genes but with homozygous deletions or high-level amplifications of the rest of the 38 driver genes. Survival analysis of three subgroups showed that survival times of subgroup II were significantly shorter than those of subgroups I and III (p = 4.67e−09, log-rank test), and there was no significant difference in survival times between subgroups I and III ([Figure 4](#fig4){ref-type="fig"}D). To explore how homozygous deletions of these six genes contribute to poor prognosis, we comprehensively analyzed the dysregulated ceRNA networks. We found that homozygous deletions of these driver genes destroyed the ceRNA networks through different miRNAs ([Figure 4](#fig4){ref-type="fig"}E). Additionally, 79.4% of ceRNAs appeared in only one of six deregulated ceRNA networks. By preforming function enrichment analysis, we found that these six dysregulated ceRNA networks were consistently and significantly enriched in the proliferation hallmark signatures, including E2F_TARGETS, G2M_CHECKPOINT and MYC_TARGETS_V1 ([Figure 4](#fig4){ref-type="fig"}F). Pathway analysis showed that cancer-associated pathways such as spliceosome, apoptosis, and cell cycle were also significantly enriched ([Figure 4](#fig4){ref-type="fig"}G).These results suggested that homozygous deletion of these six driver genes contributed to the LGG poor prognosis in a complementary way, characterizing a new LGG subtype.Figure 4The Homozygous Deletion of 9p21.3 Characterized a LGG Subtype with Poor Prognosis(A) The homozygous deletions of six genes, including *CDKN2B-AS*, *CDKN2B*, *CDKN2A*, *MTAP*, *KLHL9*, and *ELAVL2* were associated with poor prognosis in LGG. (B) The homozygous deletions of six genes significantly decreased their own gene expression. (C) The heatmap for SCNAs of 44 driver genes across LGG patients. (D) 9p21.3 deletions characterized a new LGG subtype with poor prognosis. (E) Comprehensive skeleton of the dysregulated ceRNA networks induced by homozygous deletions of six driver genes. (F) Hallmark signatures significantly enriched by the six dysregulated ceRNA networks. (G) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways significantly enriched by the six dysregulated ceRNA networks.

The Dysregulated ceRNA Networks Driven by SCNAs across 12 Cancer Types {#sec2.5}
----------------------------------------------------------------------

To investigate the generality and specificity of driver SCNAs and their driving dysregulated ceRNA networks across multiple cancers, we applied the integrative strategy to the other 11 cancer types to identify the driver SCNAs and their induced dysregulated ceRNA networks. For each cancer, a comprehensive dysregulated ceRNA network was constructed through assembling all SCNA-driven dysregulated ceRNA networks. We compared the comprehensive ceRNA networks across 12 cancer types from four aspects, including driver genes, miRNAs, ceRNAs, and dysregulated ceRNA triples. The number of driver genes ranged from 6 to 497, with a median of 109 ([Figure 5](#fig5){ref-type="fig"}A). We found that the SCNAs in breast invasive carcinoma (BRCA) and OV were more likely to destroy the ceRNA networks. The number of miRNAs was significantly associated with the number of driver genes in the networks (Pearson Correlation Coefficient \[PCC\] = 0.76, p = 0.004), while the number of ceRNAs and ceRNA triples did not show similar correlations (PCC = 0.38, p = 0.2 for ceRNAs; PCC = 0.49, p = 0.1 for triples). By comparing these comprehensive ceRNA networks, we found that 12 cancer types shared very few driver genes, and the average share proportion was only 1.9%. Thus, the share proportions of dysregulated ceRNA triples were very low, ranging from 0% to 1.1% ([Figure 5](#fig5){ref-type="fig"}B). Interestingly, we found that the share proportions of miRNAs and ceRNAs were clearly high. The average share proportions of miRNA and ceRNAs were 31.4% and 32.9%, respectively. In total, we identified 1,655 driver genes with SCNAs including 203 lncRNAs and 1,452 PGs for 12 cancer types. To further investigate the distributions of driver lncRNAs and PGs across 12 cancer types, we found that most of the driver genes were specific to specific cancer type, and few driver genes were shared by two or more cancer types ([Figure 5](#fig5){ref-type="fig"}C for lncRNAs and [Figure 5](#mmc1){ref-type="supplementary-material"}D for PGs). These results suggested that different cancer types harbored different driver genomic alterations contributing to cancer carcinogenesis through dysregulating the crosstalks with common ceRNAs.Figure 5Comparison Analysis of the Comprehensive ceRNA Networks across 12 Cancer Types(A) The numbers of driver genes, miRNAs, ceRNAs, and triples in the comprehensive ceRNA networks in 12 cancer types. (B) The overlap ratio of driver genes, miRNAs, ceRNAs, and triples across 12 cancer types. (C) Heatmap of driver lncRNAs across 12 cancer types. (D) Heatmap of driver PGs across 12 cancer types.

Amplification of lncRNA *PVT1* Disturbed Distinct ceRNA Triples in Different Cancers {#sec2.6}
------------------------------------------------------------------------------------

Among the 203 driver lncRNAs, lncRNA *PVT1* was most frequently identified in 12 cancer types. We found that amplification of lncRNA *PVT1* could destroy its ceRNA networks in six cancer types, including OV, head and neck squamous cell carcinoma (HNSC), lung adenocarcinoma (LUAD), stomach adenocarcinoma (STAD), BRCA, and bladder urothelial carcinoma (BLCA) ([Figures S5--S10](#mmc1){ref-type="supplementary-material"}). *PVT1* has been reported as an oncogene. The high protein level of oncogene *MYC* was dependent on the gain of *PVT1* expression to promote tumorigenesis.[@bib34] Amplification of *PVT1* could contribute to the development ovarian and breast cancer.[@bib35] Knockdown of *PVT1* could inhibit cell migration and proliferation.[@bib36] *PVT1* showed frequent amplification across cancer types, and the frequencies were above 10% in six cancers (47.3% in OV, 12.8% in HNSC, 12.6% in LUAD, 13.4% in STAD, 20.6% in BRCA, and 11.2% in BLCA; [Figure 6](#fig6){ref-type="fig"}A). Compared with non-alteration status, amplification significantly elevated the expression levels of *PVT1* ([Figure 6](#fig6){ref-type="fig"}B). In the *PVT1*-associated static ceRNA network, 33,741 ceRNA triples were formed by PVT1, 38 miRNAs, and 5,522 ceRNAs. By constructing the *PVT1*-associated dynamic ceRNA networks under *PVT1* non-alteration, we found that the numbers of active ceRNA triples varied over three orders of magnitude, with from 0 to 1,501 ([Figure 6](#fig6){ref-type="fig"}C). The amplification of *PVT1* completely destroyed the active ceRNA networks, and the numbers of active ceRNA triples dropped to 0. Surprisingly, there were no active ceRNA triples under *PVT1* non-alteration status while *PVT1* amplification caused six active ceRNA triples in OV. By analyzing the dysregulated ceRNA networks, one to six miRNAs mediated the ceRNA relationships between *PVT1* and its ceRNAs ([Figure 6](#fig6){ref-type="fig"}D). Additionally, the ceRNAs of *PVT1* also exhibited a clear difference ([Figure 6](#fig6){ref-type="fig"}E). lncRNAs occupied the major part of *PVT1* ceRNAs in OV, HNSC, and LUAD, while PGs dominated ceRNAs of *PVT1* in STAD. In both BLCA and BRCA, lncRNAs and PGs had equal shares of *PVT1* ceRNAs. The results of genomic locations showed that the active ceRNAs of *PVT1* spread universally across the whole genome ([Figure 6](#fig6){ref-type="fig"}F). To further investigate the generality and specificity of miRNAs and ceRNAs, we compared the six dysregulated ceRNA networks driven by *PVT1* amplification and found that miRNAs and ceRNAs showed low generality across six cancer types. Obvious mutual exclusivity was observed in both miRNAs and ceRNAs ([Figures 6](#fig6){ref-type="fig"}G and 6H). The most frequent driver PG was *MTAP*. The homozygous deletion of *MTAP* was identified to induce dysregulated ceRNA networks in five cancer types, including LGG, lung squamous cell carcinoma (LUSC), LUAD, STAD, and BLCA. Comparative analysis showed that *MTAP* deletion also disturbed distinct ceRNA triples in different cancers ([Figure S11](#mmc1){ref-type="supplementary-material"}).Figure 6Amplification of lncRNA *PVT1* Disturbed Distinct Different ceRNA Networks in Six Types of Cancers(A) The amplification frequencies of *PVT1* in 12 cancer types. (B) *PVT1* amplification elevated the expression levels of PVT1. (C) The number of active ceRNA triples participated by *PVT1* under the conditions of *PVT1* non-alteration and amplification. (D) The numbers of miRNAs in *PVT1* amplification-induced dysregulated ceRNA networks in cancers. (E) The numbers of PGs and lncRNAs in *PVT1*-induced dysregulated ceRNA networks in different cancers. (F) Genome-wide view of ceRNA partners of *PVT1* in different cancers. Blue indicates lncRNA; red indicates PGs. (G) Heatmap for miRNAs in *PVT1*-mediated dysregulated ceRNA networks in different cancers. (H) Heatmap for ceRNAs of *PVT1* in PVT1-mediated dysregulated ceRNA networks in different cancers.

We also found that ceRNA triples exhibited different active states under different conditions across cancer types. For example, *PVT1* and lncRNA *NEAT1* shared a miRNA hsa-miR-326 and formed a static ceRNA triple. This ceRNA triple was activated under non-alteration of *PVT1* in HNSC. *PVT1* and *NEAT1* showed significant positive expression correlation (PCC = 0.38, p = 2.2e−12), and hsa-miR-326 and both *PVT1* and *NEAT1* showed significant negative expression correlations (PCC = −0.19, p = 0.00059; PCC = −0.26, p = 3.3e−6; [Figure 7](#fig7){ref-type="fig"}). However, the significant inverse relationships between hsa-miR-326 and both *PVT1* and *NEAT1* were destroyed by *PVT1* amplification in HNSC. In other cancer types, this active ceRNA tripe was not identified in spite of the alteration status of *PVT1*. These results suggested that SCNAs of lncRNAs/PGs could contribute to abnormal transformation of cancer by destroying their ceRNA networks through different miRNA-mediated ceRNAs.Figure 7An Active ceRNA Triple Was Specific under the Condition of *PVT1* Non-alteration in HNSC, which Included *PVT1*, *NEAT1*, and has-miR-326The green checkmark represents active, and the red cross represents inactive.

Cancer-Specific Driver Genes {#sec2.7}
----------------------------

We found that the major identified driver genes were specific to one type of cancer. Several driver genes were cancer-specific due to the fact that their frequent alterations only occurred in a specific cancer. For example, the amplification frequency of lncRNA *GAS5* was above 0.1 only in BRCA ([Figure 8](#fig8){ref-type="fig"}A). lncRNA *GAS5* induced growth arrest and apoptosis in breast cancer.[@bib37] The overexpression of *GAS5* enhanced cell sensitivity to tamoxifen in breast cells both *in vitro* and *in vivo*.[@bib38] Compared with non-alteration, *GAS5* amplification significantly elevated expression level ([Figure 8](#fig8){ref-type="fig"}A) and completely destroyed the *GAS5*-associated active ceRNA network in the non-alteration condition, which contained 3 miRNAs and 28 ceRNAs (26 lncRNAs and 2 PGs; [Figures 8](#fig8){ref-type="fig"}B--8D; [Figure S12](#mmc1){ref-type="supplementary-material"}). In another situation, although the highly frequent alterations of driver genes occurred in multiple cancer types, the SCNA-driven dysregulated ceRNA network was specific to a specific cancer. For example, *EGFR* showed frequent amplification in GBM and HNSC; especially, amplification frequency was up to 43.9% in GBM ([Figure 8](#fig8){ref-type="fig"}E). *EGFR* amplification was associated with poor prognosis in both GBM and HNSC (p = 0.0242 for GBM, p = 0.0314 for HNSC; [Figure S13](#mmc1){ref-type="supplementary-material"}). Compared with non-alteration, amplification significantly elevated *EGFR* expression levels in both GBM and HNSC (p = 3.6e−16 for GBM and p = 1.3e−9 for HNSC; [Figure 8](#fig8){ref-type="fig"}F). However, *EGFR* did not participate in the ceRNA regulatory mechanism in spite of non-alteration or amplification in GBM (FDR = 0.05, PCC \< 0; [Figure 8](#fig8){ref-type="fig"}G). Under non-alteration of *EGFR* in HNSC, four miRNAs showed significant inverse correlations with *EGFR* while no inverse correlations were identified between any miRNA and *EGFR* under *EGFR* amplifications (FDR = 0.05, PCC \< 0; [Figure 8](#fig8){ref-type="fig"}H; [Figure S14](#mmc1){ref-type="supplementary-material"}). These results suggested that the same SCNA of driver genes may contribute to cancer development by different functional mechanisms, which added another layer of complexity on cancer heterogeneity.Figure 8Cancer-Specific Driver Genes(A) The amplification frequency of GAS5 was greater than 0.1 in only BRCA. GAS5 amplification significantly elevated its expression. (B) Volcano plot for expression correlations between GAS5 and miRNAs in the static GAS5-associated ceRNA networks. (C) Volcano plot for expression correlations between ceRNA partners of GAS5 and miRNAs in the static GAS5 associated ceRNA networks. (D) Volcano plot for expression correlations between GAS5 and its ceRNA partners in the static GAS5-associated ceRNA networks. (E) The amplification frequencies of EGFR were greater than 0.1 in both GBM and HNSC. (F) EGFR amplification significantly elevated its expression. (G) Volcano plot for expression correlations between EGFR and miRNAs from the static EGFR associated ceRNA networks in GBM. (H) Volcano plot for expression correlations between EGFR and miRNAs from the static EGFR-associated ceRNA networks in HNSC.

The Performance Evaluation of the Method {#sec2.8}
----------------------------------------

Three gene sets of known cancer genes were collected from the Cancer Gene Census of COSMIC, TSGene, and Bushman, respectively. We found that the driver genes in LGG identified by our method significantly overlapped with these known cancer genes (p = 0 for Cancer Gene Census, p = 0.02 for TSGene, and p = 0.02 for Bushman at the threshold of 0.1 in alteration frequency; [Figure 9](#fig9){ref-type="fig"}). Due to the less frequent SCNAs of known cancer genes, we re-identified the driver genes in LGG for the threshold of alteration frequencies at 0.08, 0.06, 0.04, and 0.02, which also could significantly capture known cancer genes. We also compared our method with two previous methods which identified driver copy-number alterations (Zhou et al.[@bib39] and DriverDBv3[@bib40]). Compared with these methods, our method could identify more known cancer genes from the Cancer Gene Census of COSMIC, TSGene, and Bushman ([Figures 10](#fig10){ref-type="fig"}A--10C). Due to the need for a certain sample size, our method had the limits in identifying the driver genes with very low SCNA frequencies or without SCNAs in the cancer population ([Figure 10](#fig10){ref-type="fig"}D). The driver genes identified by our method significantly overlapped those identified by Zhou et al.,[@bib39] but showed no significant overlap with those from DriverDBv3 ([Figure 10](#fig10){ref-type="fig"}E). These results suggested that our method was useful for identifying the driver genes by dissecting the functional mechanisms of SCNAs from the view of dysregulated ceRNAs.Figure 9The Significant Overlaps between the Driver Genes Identified by Our Method and Cancer Genes Recorded in Three Known Cancer Gene Databases, Including the Cancer Gene Census of COSMIC, TSGene, and Bushman, at Different Thresholds of SCNA FrequencyFigure 10Comparison of Our Method with Other Methods(A) The number of cancer genes in the Cancer Gene Census of COSMIC identified by three methods at different thresholds of SCNA frequencies. (B) The number of cancer genes in TSGene identified by three methods at different thresholds of SCNA frequencies. (C) The number of cancer genes in Bushman identified by three methods at different thresholds of SCNA frequencies. (D) The cumulative distributions of SCNA frequencies of driver genes identified by three methods. (E) The overlaps between driver genes identified by our method and the other two methods at different thresholds of SCNA frequencies.

Discussion {#sec3}
==========

In this study, we developed an integrative strategy to identify driver SCNAs and characterize functional roles of SCNAs in multiple cancer types. By integrating copy number profiles, expression profiles of PGs, lncRNAs, and miRNAs, and ceRNA networks, we identified SCNA-induced dysregulated ceRNA networks. We analyzed the dysregulated patterns of dysregulated ceRNA networks and dissected the cooperative functional roles of SCNAs contributing to cancer subtypes. Comparative analysis of SCNA-induced dysregulated ceRNA networks across multiple cancer types showed that the functional roles of SCNAs were cancer-specific.

It is well accepted that non-coding regions occupy major parts of the genome. The SCNA frequency distributions of lncRNAs were comparable to those of PGs across multiple cancer types. However, few studies focused on the functional roles of lncRNA SCNAs. Enhanced characterization of the functional effects of lncRNA SCNAs in cancer could help understand cancer etiology and guide cancer diagnosis and therapy. Our strategy provided a direct way to characterize lncRNA functions through identifying the lncRNA SCNA-induced dysregulated ceRNA network, in which lncRNAs directly participated in each of the ceRNA triples. lncRNA SCNAs directly destroyed the miRNA-mediated co-regulated patterns between them and their ceRNA partners by influencing their own expression levels. Meanwhile, our strategy could be applied to dissect other types of noncoding RNAs along with the advent of corresponding biological profiles.

Due to the cooperativity of miRNAs and multiplicity of targets, ceRNA networks were extremely complicated, which contained not only protein-coding mRNAs and the known non-coding RNAs (such as lncRNAs, pseudogenes, and circRNAs), but also the unknown RNAs with miRNA target sites. Constructing comprehensive ceRNA networks was necessary for understanding the molecular mechanism in cancer cells. Analysis of ceRNA networks in previous studies explored ceRNA partners of PGs (*PTEN*) based on mRNA-mRNA ceRNA networks or predicted lncRNA functions based on lncRNA-mRNA ceRNA networks. These ceRNA networks were not enough to capture ceRNA-mediated functions of lncRNAs or PGs. We further expanded ceRNA networks including mRNA-mRNA, lncRNA-mRNA, and lncRNA-lncRNA ceRNA partnerships, which provided us a more comprehensive view to explore functional effects of SCNAs in cancers. Analysis of SCNA-induced dysregulated ceRNA networks showed that lncRNAs contributed important parts to dysregulated ceRNA triples induced by driver SCNAs. However, the constructed ceRNA networks were still limited due to lacking matched biological profiles of other RNAs. With the development of functional studies of lncRNAs and data accumulation of multi-omics, our strategy could comprehensively characterize functional roles of SCNAs.

The analysis of SCNAs across multiple cancers showed that cancer specificities of SCNAs were varied. We found that 68.8% of genes and lncRNAs with high SCNA frequency were present in only one cancer type. Exploring the functional roles of these cancer-specific SCNAs was useful for understanding cancer-specific pathogenesis. For example, lncRNA *GAS5* showed high amplification frequency only in BRCA. GAS5 amplification destroyed the dynamic ceRNA network that was constructed under *GAS5* non-alteration. Although some genes and lncRNAs (such as *EGFR*) showed high SCNA frequency in multiple cancer types, their SCNAs performed different functional effects in different cancer types. Amplification of *EGFR* could elevate *EGFR* expression levels in both HNSC and GBM. *EGFR* amplification dysregulated the *EGFR*-associated ceRNA network in HNSC, while *EGFR* did not participate in the ceRNA regulatory mechanism in GBM. In other case, SCNAs of genes or lncRNAs could disturb their associated ceRNA networks through different miRNAs and different ceRNA partners in different cancer types. The functional diversity of SCNAs led us to investigate the cancer-specific functional roles of SCNAs from different perspectives.

The driver genes identified by our method could be affected by the input data, including copy number profiles and expression profiles of lncRNAs, miRNAs, and PGs. With the threshold level of undetected frequency decreasing or the threshold of mean expression level increasing, the numbers of lncRNAs, miRNAs, and PGs in the expression profiles as input decreased. The potential driver genes with a low expression level could not be input into our method. Additionally, the number of identified driver genes would decreased slightly ([Figure S15](#mmc1){ref-type="supplementary-material"}). Meanwhile, the threshold of SCNA frequency also determined the copy number profiles as input. With the threshold of SCNA frequency decreasing, more lncRNAs/PGs were input into our method, and more potential driver genes with higher SCNA frequencies than threshold could be identified ([Figure S16](#mmc1){ref-type="supplementary-material"}). Due to the need for a certain sample size, our method had limits in identifying the driver genes with very low SCNA frequencies in the cancer population.

In conclusion, we proposed an integrative strategy to investigate the functional roles of driver SCNAs based on dysregulated ceRNA networks, which was complementary with previous methods. Our method had good extensibility with accumulation of multi-omics.

Materials and Methods {#sec4}
=====================

Materials {#sec4.1}
---------

We collected four types of datasets, that is, copy number profiles and gene expression profiles of PGs, lncRNAs, and miRNAs for 12 cancer types, including LGG, GBM, HNSC, BLCA, OV, BRCA, LUAD, LUSC, STAD, kidney renal clear cell carcinoma (KIRC), cervical squamous cell carcinoma (CESC), and prostate adenocarcinoma (PRAD). The copy number profiles and gene expression profiles of PGs and miRNAs were downloaded from The Cancer Genome Atlas (TCGA) (<https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga>). The copy number profiles of 12 cancer types involved 5,814 cancer samples in TCGA. Additionally, the expression profiles of PGs and miRNA expression profiles contained 5,701 and 5,069 cancer samples in TCGA, respectively. We collected the lncRNA expression profiles of 12 cancer types from TANRIC,[@bib41] which contained 4,578 cancer samples from TCGA. There were 3,508 common cancer samples from which all of the copy number profiles, expression profiles of PGs, miRNA expression profiles, and lncRNA expression profiles were detected ([Table S1](#mmc1){ref-type="supplementary-material"}; [Figure S1](#mmc1){ref-type="supplementary-material"}). The datasets from these 3,508 common cancer samples were used for subsequent analysis.

The Copy Number Profiles of Protein Genes and lncRNAs {#sec4.2}
-----------------------------------------------------

Segmentation data (level 3) of copy numbers in 12 cancer types were collected. For each cancer type, we applied GISTIC (version 2)[@bib42] to copy number data and identified the SCNAs of PGs and lncRNAs. Five values were used to measure the extent of copy-number alterations, including homozygous deletion, heterozygous deletion, and diploid, gain, and high-level amplification. Only homozygous deletion and high-level amplification were considered as reliable SCNAs, and then the discrete SCNA profiles of PGs and lncRNAs were established, in which 2 (high-level amplification) and −2 (heterozygous deletion) represented SCNAs and 0 represented non-alterations.

The Expression Profiles of PGs {#sec4.3}
------------------------------

The gene expressions of PGs in GBM and OV were detected by microarray technology. The gene expression of PGs for the remaining cancer types were detected using RNA sequencing (RNA-seq) technology. The expression levels of genes were calculated by multiplying the tau value calculated using RSEM and 10^6^.[@bib43] For subsequent calculation, the expression levels were transformed using log~2~.

The Expression Profiles of miRNAs {#sec4.4}
---------------------------------

The gene expression levels of miRNAs in GBM and OV were also detected using microarray technology, and the miRNA IDs from microarrays were transferred into miRNA IDs in miRBase version 20.[@bib44] For the rest of the cancer types, miRNA expression profiles were detected using miRNA sequencing (miRNA-seq) technology. Expression levels of miRNAs were measured using RPM. For subsequent calculation, the expression levels were transformed using log~2~.

The Expression Profiles of lncRNAs {#sec4.5}
----------------------------------

lncRNA expression profiles of TCGA samples for 12 cancer types were collected from TANRIC,[@bib41] which were frequently used to explore the functional roles of lncRNAs ([Table S3](#mmc3){ref-type="supplementary-material"}). The expression levels of lncRNAs were quantified as RPKM (reads per kilobase transcript per million mapped reads), which were calculated based on the paired-end RNA-seq BAM files of TCGA samples. The expression levels of lncRNAs were transformed by log~2~ for subsequent calculation.

For each cancer, the common samples across the above four levels were selected ([Figure S1](#mmc1){ref-type="supplementary-material"}). Any PG or lncRNA or miRNA was deleted when the undetected frequency was greater than 30% or the mean expression level was lower than 0.1.

The miRNA-PG/miRNA-lncRNA Target Interactions {#sec4.6}
---------------------------------------------

We downloaded the miRNA-PG/miRNA-lncRNA target interactions from starBase v2.0[@bib45] and the miRNA-lncRNA target interactions from lnCeDB.[@bib46] These target relationships between miRNAs and PGs/ncRNAs were supported from the view of sequence matching, which provided a comprehensive view of static miRNA-PGs/lncRNAs target interactions. To identify the activated miRNA-PGs/lncRNAs target interactions in a specific cancer, we integrated the static miRNA-PGs/lncRNAs target interactions and expression profiles of PGs, miRNAs, and lncRNAs from the specific cancer samples. Therefore, only the miRNA-PGs/lncRNAs target relations, in which both miRNAs and PGs/lncRNAs were detected in expression profiles of PGs, miRNAs, and lncRNAs from the specific cancer, were kept for subsequent analysis.

Methods {#sec4.7}
-------

We defined driver genes as those genes whose SCNAs could significantly affect their own expression levels and further destroy the activated ceRNA networks under the condition of non-alterations. Through integrating the discrete SCNA profiles, expression profiles of PGs, miRNAs, and lncRNAs, and miRNA target interactions, we developed an integrative strategy to characterize the functional roles of SCNAs and identify the driver genes in cancers by constructing SCNA-induced dysregulation of ceRNA networks ([Figure 1](#fig1){ref-type="fig"}). The integrative strategy included three steps: identifying the candidate PGs/lncRNAs with frequent SCNAs, constructing the static ceRNA networks for candidate genes, and constructing dysfunctional ceRNA networks driven by SCNAs. The detailed information is presented below.

Identifying the Candidate PGs/lncRNAs with Frequent SCNAs {#sec4.8}
---------------------------------------------------------

The candidate genes should meet two criteria: the SCNAs of candidate genes should recur frequently in cancer populations, and the SCNAs could affect the expression of candidate genes. We calculated the SCNA frequencies of PGs/lncRNAs from the discrete SCNA profiles and selected the PGs/lncRNAs with SCNA frequencies greater than 0.1. By combining expression profiles of PGs/lncRNAs and the discrete SCNA profiles, we identified PGs/lncRNAs whose SCNAs could significantly and concordantly influence their expression levels (t test, p ≤ 0.05). Finally, these identified PGs/lncRNAs with miRNA-target interactions were considered as candidate genes.

Constructing the Static ceRNA Networks for Candidate Genes {#sec4.9}
----------------------------------------------------------

For each candidate gene, we identified miRNAs that targeted this candidate gene from miRNA-PGs/lncRNAs interactions. Then, PGs/lncRNAs targeted by these miRNAs were considered as ceRNA competitors of the candidate gene. We defined a ceRNA triple as one containing the candidate gene, a ceRNA, and a miRNA, in which both the candidate gene and the ceRNA were targeted by the miRNA. Then, we enumerated all candidate gene-associated ceRNA triples and assembled these ceRNA triples into a static ceRNA network of the candidate gene.

Constructing Dysfunctional ceRNA Networks Driven by SCNAs {#sec4.10}
---------------------------------------------------------

Candidate genes may show the status of three copy numbers across cancer samples, that is, SCNAs (homozygous deletion and high-level amplification) and non-alteration. Differential expression levels of candidate genes driven by SCNAs may destroy the homeostasis of the ceRNA networks activated in the condition of non-alteration.

According to copy number status of each candidate gene, we grouped cancer samples into subgroups and deleted the subgroups with fewer than five samples. For each copy number status, we constructed the dynamic ceRNA networks by integrating expression profiles of PGs, lncRNAs, and miRNAs of the corresponding subgroup and the static ceRNA network associated with the candidate gene. The correlation coefficients were calculated among the candidate gene, miRNAs, and ceRNA competitors of ceRNA triples in the static ceRNA network. We identified the activated ceRNA triples in which correlation coefficients between the candidate gene and miRNAs and those between miRNAs and ceRNA competitors were significantly negative at a FDR of 0.05, and the correlation coefficients between candidate gene and ceRNA competitors were significantly positive at a FDR of 0.05. These activated ceRNA triples were assembled into the dynamic ceRNA network under the condition of specific copy number status.

To characterize the SCNA influence of the candidate gene on the ceRNA network, the dynamic ceRNA networks constructed under the SCNA of the candidate gene were compared with the dynamic ceRNA network from non-alteration status. We identified the dysregulated ceRNA triples as the ceRNA triples that were only activated in only one of the conditions of the SCNAs and non-alteration of the candidate gene. Then, all dysregulated ceRNA triples constituted the dysregulated ceRNA networks driven by the SCNA of the candidate gene. The driver genes were considered as the candidate genes whose SCNAs could drive the dysregulated ceRNA networks.

Survival Analysis {#sec4.11}
-----------------

For a given PG or lncRNA, three SCNA status levels may be present across cancer populations: heterozygous deletion (−2), high-level amplification (2), and non-alterations (0). According to SCNA status of the PG or lncRNA, the cancer patients were divided into subgroups as follows: one subgroup of patients with heterozygous deletion (−2) of the PG or lncRNA, one subgroup of patients with high-level amplification (2) of the PG or lncRNA, and one subgroup of patients with non-alteration (0) of the PG or lncRNA. To test whether the SCNA status of the PG or lncRNA was associated with prognosis, we used Kaplan-Meier analysis and a log-rank test to compare the survival times among the subgroups.

For a specific SCNA of the genome region, we divided the cancer patients based on the SCNA profiles of driver genes as follows: one subgroup of patients without SCNAs of driver genes, one subgroup of patients with the specific SCNA of at least one driver gene in the genome region, and one subgroup that consist of the rest of the patients. The significance of a survival difference between the three subgroups was estimated using Kaplan-Meier analysis and log-rank test.

The Code for the Integrative Strategy {#sec4.12}
-------------------------------------

The code for the integrative strategy is available at <https://github.com/pingyanyan/Driver-SCNAs>.
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